Abstract-In this paper, a new practical method is presented to estimate supercapacitor state for wireless sensor nodes. The selfdischarge process of supercapacitor, as an energy storage device in sensor nodes, is usually considered as the main factor that needs to be taken into account for power management. Recent studies have demonstrated that a supercapacitor charge-redistribution process may also have significant impact on power management. To consider charge redistribution in power management of a realtime system, a practical method is presented to estimate the state of a supercapacitor. The accuracy of the method is validated by experiments. The impact of time step on the proposed model is also investigated. The results indicate that the proposed model can achieve good accuracy with relatively large time step. Moreover, the model is easy to implement, and has low memory usage and computational cost for practical applications in a real-time system. Based on the practical model, estimations of charge and energy transferred during the redistribution process are presented, which provide important information toward developing energy aware algorithms in wireless sensor networks.
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I. INTRODUCTION
T HE limited lifetime of wireless sensor networks has prevented them from being widely adopted by various longterm applications, such as radiation monitoring [1] , [2] , military surveillance [3] , and habitat monitoring [4] . Two directions are being investigated to overcome this limitation: Developing energy-efficient power management algorithms; and harvesting ambient energy to power wireless sensors. Ambient energy harvesting has the potential to provide infinite amount of energy to the node. The energy harvested from ambient environment, such as solar energy [5] , vibration energy [6] , radio radiation energy [7] , microbial fuel cell [8] , and electromagnetic energy [9] , is often stored in a storage device for future use.
Two types of commonly used storage devices are rechargeable batteries and supercapacitors (also known as ultracapacitors or electric double-layer capacitors). Rechargeable batteries, such as NiMH and Li-ion [10] have a high energy density and low leakage rate, but they suffer from the rate-discharge effect [11] , where their efficiency is directly related to the magnitude of the current being drawn. Moreover, the capacity decreases with the number of charge-discharge cycles. Thus, after one or two years' operation, sensor nodes need battery replacement. One major benefit of supercapacitors is that they have a much longer operational lifetime [12] with number of charging/discharging cycles greater than 500 000. Additional benefits include simpler charging requirements, fast charge/discharge characteristics, and higher power densities, allowing them to supply large currents efficiently [13] . While supercapacitors do feature energy densities that are orders of magnitude lower than batteries, energy harvesting sensor nodes does not have the need to store large amount of energy. Therefore, supercapacitors have been considered as energy buffers in energy harvesting sensor nodes to significantly extend their lifetime. However, supercapacitors are known to have a higher leakage rate compared to rechargeable batteries. The terminal voltage of a supercapacitor decreases with time due to self-leakage. According to [14] and [15] , the drop of terminal voltage is not only the result of self-discharge, but also that of charge redistribution. Furthermore, unlike typical capacitors, the terminal voltage and quickly recoverable energy of a supercapacitor depend strongly on the history of charge and discharge processes [17] . Because of this special characteristic, power management of supercapacitor powered sensor nodes should be investigated based on both self-discharge and charge-redistribution properties to achieve full energy potential.
The terminal behavior of supercapacitor can be studied by building an equivalent circuit model, that can be represented as a complicated network of resistor, and voltage-dependent nonlinear capacitor branches connected in parallel [24] . In practice, simplified models have been used to explain the shortand long-term terminal behavior of supercapacitors. For simplicity sake, supercapacitors are often modeled as ideal conventional capacitors, especially, when assessing their state of charge [26] . Faranda [18] summarizes several simplified equivalent circuit models for supercapacitors, including the classical model, the nonlinear capacitance model, the three-branch model, the four-branch model, the ladder model, and the transmission line model. The classical model is the easiest to implement and consists of a capacitor C, an equivalent series resistor, and an equivalent parallel resistor. It attributes supercapacitor terminal voltage drop to a high self-discharge rate. But it often fails to capture the real supercapacitor terminal behavior. So does the nonlinear capacitance model. The three-branch and four-branch models [16] can represent supercapacitor terminal behavior more accurately; however, these models are not always easy to implement. The more advanced models, which include the ladder model and the transmission line model, are not practical on a sensor node.
In [17] , the authors proposed a three-branch equivalent circuit model. Each of the three branches has a distinct RC time constant, which differs from the others by more than an order of magnitude. With this model, the terminal behavior of supercapacitor can be estimated with good accuracy for a relatively long time, and the parameters of different branches can be identified separately. Weddell et al. [25] further simplifies the three-branch model, and a genetic optimization algorithm is used to identify the model parameters to bypass the previous assumptions, that there is no intervene between different branches during rapid charging and discharging processes. The model is then implemented using a state variablebased simulation technique in MATLAB, which is difficult to implement on a real sensor node with limited computing resources.
An energy iteration equation (EIE) model [19] is a supercapacitor model that has been used in wireless sensor nodes to characterize supercapacitor leakage. Based on this model, in [20] , duty cycle of the sensor node is adapted to avoid operating the supercapacitor in the regions, where higher leakage is exhibited. However, the EIE model attributes all the terminal voltage drop to self-discharge, which neglects the impact of charge-redistribution process. In [21] and [22] , a two-branch equivalent circuit model (a VLR model) is proposed to characterize both, charge-redistribution and self-leakage processes of supercapacitor. It combines both attributes of the EIE model and the two-/three-branch model [23] . Later, in [14] , the authors use the voltages of the two-branch capacitors in a VLR model to describe the state of charge-redistribution process, and investigate its impact on power management. It is shown that in order to make full use of the stored energy, either greedy or lazy scheduling policy may be used based on the supercapacitor state. However, the authors use a simulink model to calculate the state of supercapacitor, which limits its value in practical use.
In this paper, a new practical model is proposed to estimate the supercapacitor internal state. The model can be implemented on a regular sensor node without much computing resources. It captures the internal state of supercapacitor with adequate accuracy, and its performance does not degrade much with time. As the model provides accurate estimation of supercapacitor internal state, it can be used on sensor nodes to calculate the charge and energy stored in the supercapacitor, which are divided into two parts: Quickly available (QA) part and not quickly available (nQA) part. Thus, this study provides an important insight into developing redistribution aware power management techniques for supercapacitor powered sensor nodes.
The remaining part of the paper is organized as follows. Following Section I, Section II reviews the supercapacitor physics and related previous practical modeling work. Section III presents the proposed practical model, and studies ways of improving accuracy and reducing computing complexity. Section IV describes problems and solutions when applying the proposed model to a real sensor node. Section V presents the charge and energy estimation based on the proposed practical model. Then, the summary and discussion of future work is presented in Section VI.
II. MODELING OF SUPERCAPACITOR CHARGE REDISTRIBUTION

A. Supercapacitor Physics
Supercapacitors are constructed from two carbon-based electrodes, electrolyte, and a separator [27] . The two carbon-based electrodes are immersed in an electrolyte and separated by porous insulating membrane. During the charging process, an electrochemical double layer of charge is formed at the interface between the electrode and electrolyte. Like conventional capacitors, supercapacitors store charge electrostatically, so there is no charge transfer between electrode and electrolyte. But compared with the conventional electrodes, the porous nature of supercapacitor electrode leads to different charging/discharging time constant throughout the electrode material. Due to the finite conductance of the electrolyte, a voltage drop is formed along the pore. The macropores (which are at the mouth of the pore) have much smaller time constants than the mesoand micro-pores, which are located in the deeper parts of the pore. This leads to the effect that the outer parts of the pores get charged/discharged much more quickly than the core pore structures [28] , [29] , and through time, the charge stored in the macropores migrate to the deeper pore structure. Hence, in the case of short charging cycles, most of ions are still located at the macropores. The distinct open-circuit voltage decay is caused by both the effect of redistribution of ions to areas of low ion concentration and self-discharge, which may be caused by overpotential decomposition of the electrolyte redox reactions due to impurities or possible internal ohmic leakage pathway of the double layer at the electrolyte-carbon interface.
Thus, the terminal behavior of supercapacitors cannot be modeled as a single RC circuit. The charge transportation inside the porous electrodes is similar to the propagation phenomenon of infinite number of interleaved RC branches. The porous electrode theory has been used to interpret the impedance spectrum of a supercapacitor. The general equivalent circuit model of supercapacitor is composed of infinite number of parallel RC branches [30] .
B. Supercapacitor Models for Wireless Sensor Network Applications
For wireless sensor network applications, an EIE model has been developed to model the supercapacitor based on its leakage power profile [19] . Specifically, it models the relationship between the remaining energy of a supercapacitor and its leakage power. The leakage power profile of EIE model is built by charging a supercapacitor to its rated voltage and, then, measuring its terminal voltage during a discharge experiment. The discharge process is divided into several small time intervals with equal size T . At each time step kT , the EIE model assumes that the residual energy E R [kT ] can be estimated from the measured terminal voltage V cap [kT ] and rated capacitance C by
Assuming T is very small, the leakage power in a time interval [(k − 1)T, kT ] can be approximated by a constant value P L [kT ]. Without energy harvesting, the change of remaining energy during the time interval equals to the sum of the consumed energy ΔE C [kT ] , and the energy leaked away
Therefore, the leakage power during
can be calculated from (1) 
2 * V , and the time constant is on the order of seconds. The second branch is composed of a resistor R 2 and a constant capacitor C 2 . This branch models the long-term behavior of supercapacitor, especially the charge-redistribution process. The time constant of the second branch is on the order of minutes, and the third branch, which contains a voltage-dependent resistor R 3 , models the self-discharge process of supercapacitor.
In [31] , the authors evaluate the EIE model and the proposed VLR model, using self-discharge and charge-redistribution experiments of a 10-F supercapacitor. It is shown that both models accurately capture the terminal behavior of supercapacitor during self-discharge process. But in the charging-redistribution experiment, the EIE model overestimates the actual voltage significantly due to constant capacitance assumption of the EIE model. The actual capacitance of supercapacitor increases with the increase of terminal voltage. Besides, the EIE model assumes self-discharge is the only reason of energy loss, and once the energy is leaked, it cannot be further utilized. However, because of the porous nature of electrodes, the energy is not necessarily leaked. Instead, the energy may redistribute to deeper parts of pores and become nQA.
According to the procedure described in [21] , two experiments are performed to identify the VLR model parameters of a 10-F 2.7-V supercapacitor manufactured by Maxwell, which is used as an example to validate the practical supercapacitor model presented in this paper. In the charge-redistribution experiment, the supercapacitor is charged by a 1-A constant current source. Once the terminal voltage reaches the rated voltage 2.7 V, the constant current source is removed. Terminal voltage is measured during the entire process, and in the self-discharge experiment, supercapacitor is charged by a 2.7-V constant voltage source for an hour and, then, the terminal voltage is recorded for 12 h. A Maccor testing system is used to perform these two experiments, and the VLR model parameters identified with the two experiments are listed in Table I . The value of variable re- sistor R 3 is related to terminal voltage V term by piecewise linear function as follows: A dynamic test is performed to validate the VLR model parameters. The supercapacitor is charged or discharged with a current profile as in Fig. 1(a) , and the terminal voltage is measured by the MACCOR system. The current profile corresponds to a normal operation period of a TmoteSky MICAz sensor node [32] . When the sensor node is switched to the sleep mode, the current drawn from the supercapacitor is about 30 μA. The upper bound of discharging current is determined based on the datasheets of TmoteSky MICAz, which is set to be 100 mA, and the output current of a solar panel [33] after being conditioned by the maximum power point tracker is about 250 mA. The measured terminal voltage is then compared with the terminal voltage computed by the VLR simulink model (see Fig. 2 ) [21] with the same current profile input. The result in Fig. 1(b) shows that the identified VLR model can capture the dynamic terminal behavior of the 10-F 2.7-V supercapacitor.
III. PRACTICAL SUPERCAPACITOR MODELING METHOD
The practical modeling method presented in this section uses supercapacitor terminal voltage to dynamically determine the supercapacitor internal state in a more computationally efficient way. Because the terminal voltage of supercapacitor can be easily measured on a sensor node, this approach is more practical than the VLR simulink model, which uses charging and discharging profiles as input. 
A. Determine Supercapacitor State Using Terminal Voltage
To derive the practical model, we first build the simplified equivalent circuit of a sensor node as in Fig. 3 . The energy harvesting module is modeled as a current source, which outputs variable charging current I H . The energy dissipation module is also modeled as a current source, but drains current I C from the supercapacitor. Here, we neglect the input and output regulators to derive the numerical method for computing V 1 and V 2 .
The first-branch dynamics can be represented as
From (4) and (5), we can derive an ordinary differential equation as (6) to represent the dynamics of the first branch
The numerical solution can be solved by the Euler method
Thus, the value of V 1 can be solved recursively using (7). At each time step, the current value of V 1 can be calculated given V 1 , and terminal voltage at the previous time step and no complex mathematical operation is involved in the process; thus, the computational cost of V 1 is mainly determined by the time step T . Equation (7) shows that the value of V 1 only depends on the history of terminal voltage. This relieves the burden of circuit design, since the magnitude of charging or discharging current is not needed for solving V 1 .
Similarly, the second-branch dynamics can be represented as
and the ordinary differential equation that describes the second branch is
V 2 can be solved using the Euler method as follows:
At each time step, V 2 is determined by the V 2 value and terminal voltage at the previous time step; therefore, computational cost is mainly determined by the length of each time interval. The value of V 2 also depends solely on the history of terminal voltage. It is because the history of terminal voltage can reflect the change of charging or discharging current.
Since V 1 and V 2 can be calculated online using (7) and (11) given the terminal voltage at each time step, the computational cost of the proposed model is much smaller compared to the simulink model.
In the following part, the proposed practical modeling method is validated with the dynamic charging-discharging process as shown in Fig. 1(a) . Assume initially the supercapacitor is fully depleted, thus the initial values of V 1 and V 2 are 0 V. The terminal voltage of the 10-F Maxwell supercapacitor characterized in Section II is measured every 1 s, and used as the input of the practical model to calculate V 1 and V 2 . Therefore, the step size of the practical model is 1 s.
The comparison between the practical model and the experimental measurement is shown in Fig. 4(a) . Since the value of R 1 is very small and the charging/discharging current has small magnitude, the measured supercapacitor terminal voltage is used to approximate the true value of V 1 . It is shown that the proposed practical model can estimate V 1 with high accuracy. For comparison, V 1 calculated by the VLR simulink model under the same test condition is also plotted in Fig. 4(a) . Since the supercapacitor internal state V 2 cannot be directly measured, the V 2 output of the VLR simulink model is used to validate that of the practical model [see Fig. 4(b) ]. This is because the difference between the simulated terminal voltage V t and the measured terminal voltage V term is small in short period of time, the VLR simulink model can be used to approximate the dynamics of a supercapacitor. The results indicate the validity of the proposed practical modeling method. Fig. 4(a) and (b) also shows that the VLR simulink model outputs deviate from the experimental measurement, and the practical model output with the increase of time. The reason will be elaborated in the following two paragraphs. Fig. 1 shows that the VLR model with parameter values in Table I can capture the terminal behavior of the supercapacitor. However, the difference between V t and V term becomes larger with time, which can be seen from Fig. 4(a) . This is because the VLR model is a simplified two-branch model. To capture the terminal behavior in longer period, more branches are needed.
The proposed practical method models the relationship between terminal voltage V term and supercapacitor internal states V 1 , V 2 . During each time interval, terminal voltage is measured and, then, V 1 and V 2 are calculated separately. The computation of V 1 only depends on the first-branch parameters, and the computation of V 2 depends on the second-branch parameters. Because the VLR model parameters can capture the short-term behavior of the supercapacitor, the practical model built based on these parameters can accurately model the dynamics within each time interval. When it comes to the next time interval, terminal voltage of the supercapacitor is measured again and used to update V 1 and V 2 . Thus, the error accumulation effect can be less significant compared to the VLR simulink model. This can be shown in Fig. 4(a) . As R 1 is very small (see Table I ), terminal voltage can be used to approximate the true value of V 1 . The practical model shows a better estimation than the VLR simulink model. Moreover, it is impractical to implement the VLR simulink model directly on a low-power wireless sensor node, while the proposed model can be easily implemented. This is because the VLR simulink model is based on coupled differential equations [22] that characterize the dynamics of the equivalent circuit model. The coupled equations create algebraic loop in the VLR simulink model, which makes it impractical on low-power embedded platforms due to the high computational cost. The proposed practical model, on the other hand, is based on (7) and (11) that use only basic mathematical operations in the computation in each time slot. The model complexity is mainly determined by the step size of the practical model. By utilizing the methods presented in Section IV, the computational cost of practical model can be significantly reduced. Since it is impractical to implement the VLR Simulink model on a sensor node, the computational cost of both models is compared on a Linux machine with Intel i7-3770 3.40 GHz processor using the power measurement tool-powerstat. The average power consumption of the simulink model and the practical model is 37.4179 and 35.7477 W, respectively. The average running time is 1.1898493625 s for the simulink model, and 0.001307553 s for the practical model. Additionally, the VLR simulink model requires tracking V 1 and V 2 values constantly, which is impossible when a sensor node is in the sleep mode. For the practical model, the initial values of V 1 and V 2 can be estimated using the method proposed in Section IV-C after a sensor node wakes up.
As the proposed practical model uses numerical method, the accuracy may be a concern. Therefore, the proposed method is further investigated from two aspects to increase the accuracy with limited computing cost so that it is suitable for low-power wireless sensor nodes. One is to increase the accuracy of the numerical solution without significantly increasing the computational cost. The other is to investigate the impact of time step on the accuracy of numerical solution. Because of the low power requirement of wireless sensor nodes, the step size of the proposed model should be set as large as possible as long as the error is acceptable.
B. Accuracy Improvement
In this section, predictor corrector methods [34] , [35] are used to improve the accuracy of numerical solutions (7) and (11) . The predictor corrector method usually contains two steps. First, the predictor provides a rough estimation of the solution using the explicit method. Then, in the second step, the corrector refines the estimated solution with the implicit method. This method is easy to implement and can improve the accuracy of the numerical model.
To improve the accuracy of the numerical solution for V 1 (t) in (7), the predict-evaluate-correct-evaluate (PECE) method is used as follows:
Similarly, by employing PECE method, the numerical solution for V 2 (t) in (11) is calculated as
The predictor corrector method has the advantage of simple implementation and low computational cost. The PECE method only adds one additional corrector step to the original numerical solutions of V 1 and V 2 , but it can generally improve the accuracy of numerical solutions as shown in Table II .
C. Impact of Time Step
Intuitively, the step size of the practical model should be set as large as possible to reduce the computational cost. In this section, we explore the impact of the step size of the practical model.
The dynamic test setting in the first 1500 s in Fig. 1 is employed here. The step size of simulink model is set to be 0.0001 to approximate the exact solution of V 1 , V 2 , and V t . Given the simulated terminal voltage, the practical model is investigated with step size equals to 0.01, 0.1, 1, and 2 s, respectively. The impact of the time step on the PECE method is also explored. The results are shown in Table II .
From Table II , it is shown that with the increase of step size, the accuracy of practical model decreases. When the time step of practical model equals to 2 s, the standard error of V 1 is no longer acceptable for practical applications. So for a 10-F supercapacitor, an acceptable update rate for V 1 is 1 s. However, with the step size being 1 s, the standard error of V 2 is still very small. Thus, we investigate computing V 1 and V 2 separately in the next section.
IV. PRACTICAL ASPECTS OF USING A DEVELOPED SUPERCAPACITOR MODEL
A. Switching Policy for V 1
Given that R 1 is very small, it seems reasonable to assume V 1 equals to terminal voltage to avoid the calculation of V 1 . But this contradicts with the assumption that during rapid charging or discharging process, current is mainly injected into or drawn from the first branch, which means I 1 is either greater than zero or less than zero. But V 1 = V t implies I 1 = 0. Therefore, it is necessary to analyze under what situation V 1 can be approximated by the terminal voltage.
First of all, it is obvious that V 1 = V t when there is large charging or discharging current, because the voltage drop on R 1 becomes significant. We define δ I as the threshold for the magnitude of charging or discharging current. When |I H − I C | > δ I , the terminal voltage cannot be used to approximate V 1 , and V 1 has to be calculated numerically with a time step of at least 1 s according to Table II . We conducted a series of simulations to investigate the impact of charging current on the deviation between terminal voltage and V 1 . The results are shown in Fig. 6 .
The impact of discharging current shows similar results.
Second, consider the case when the supercapacitor is charged by a large constant current source. After the first branch is fully charged, less current is injected to the first branch and more current flows to the second branch. With the magnitude of I 1 decreasing, voltage drop on R 1 become less significant. Moreover, the supercapacitor is often equipped with charge protection mechanism in practice, which disconnects the power source once supercapacitor terminal voltage reaches its rated voltage.
Thus, charging or discharging time is also a factor that influence the difference between V 1 and terminal voltage. The time threshold δ t can be calculated as the time for the first branch to be fully charged or fully discharged. During the charging process, if the charging time exceeds δ t , then the first branch is fully charged and the deviation of V 1 from terminal voltage becomes less significant and we can use terminal voltage to approximate V 1 . For the discharging process, if the discharging time exceeds δ t , the first branch is fully depleted and the difference between V 1 and terminal voltage becomes negligible; therefore, terminal voltage can be used to estimate V 1 . For the case with 2-A charging current [see Fig. 6(d) 
When t > 13.72, the difference between V 1 and V t becomes negligible because the first branch has been fully charged.
From the above investigation, we can set δ I = 150 mA, if the error tolerance is 0.01 V, and δ t is set to be the time when the first-branch capacitor is fully charged or depleted, if the charge/discharge current exceeds δ I . if flag = 1 then 4:
end if 11:
end if 12: if t < δ t then 13: The algorithm formulation of the switching policy is shown in Algorithm 1. We use a dynamic test to evaluate the validity of the proposed method. The charging and discharging profile is the same as the first 1500 s in Fig. 1 . The result (see Fig. 7 ) indicates that the proposed method can capture the dynamics of V 1 without computing V 1 every 1 s.
B. Exploring Step Size for V 2
As V 1 and V 2 are calculated separately and the update rate of V 1 can be reduced with switching policy, we further increase the step size for calculating V 2 in this section.
When the time step is further increased, the increase of V 2 standard error is illustrated in Table III . It is shown in Fig. 8(a) that when the time step is increased to as large as 50 s, with PECE method the practical model can still capture the dynamics of V 2 . This is because the second branch has a much larger time constant, which is about 4 min. So the change of V 2 can still be captured even when the numerical solution is updated every 50 s. But when the time step is increased to 60 s, the error of the practical model becomes significantly large [see Fig. 8(b) ].
C. Initial Value Estimation
One important issue with the proposed practical model is determining the initial values of V 1 and V 2 . Because V 1 and V 2 are not directly measurable, and it is impossible to keep track of the supercapacitor state all the time in a real sensor node, especially during the sleep mode, an initial value estimation method is proposed to calculate V 1 and V 2 when the system is awaken.
After waking up a sensor node, the initial value of V 1 can be approximated by the terminal voltage of supercapacitor. Given this approximation and the measured terminal voltage, V 1 value at the next time interval can be calculated using (7) . By iteratively executing (7) using the calculated V 1 value and measured terminal voltage at the previous time interval, V 1 value can be updated sequentially for each time interval, and the error caused by initial value approximation can be reduced. Usually after ten updates, the accuracy of V 1 is sufficient, which can then be used to estimate the initial value of V 2 . If the step size for updating V 1 is 1 s, then after 10 s V 1 calculated from the practical model can be used to approximate the exact solution of V 1 and calculate the initial value of V 2 . The time interval for updating V 1 before calculating the initial value of V 2 is defined as Δt for general purpose.
Once the value of V 1 is determined, it is used to estimate the initial value of V 2 through
Equation (17) is derived from the following equations:
Because
generally has large value, the error of V 1 estimation can be magnified. That is why (17) cannot be directly used to compute the value of V 2 all the time. After the initial value of V 2 is computed, the practical modeling method for V 2 in (11) can further reduce the estimation error caused by initial value approximation.
A dynamic test with the same setting as the first 1500 s of the current profile in Fig. 1 is used to validate our proposed initial value estimation method. Δt is set to be 10 s. Initially V 1 and V 2 are set to be zero. When t = t 1 , V 1 is approximated by the terminal voltage and, then, the practical modeling method is employed to compute V 1 . After 10 s (t 2 = t 1 + 10), the initial value of V 2 is calculated using (17) and, then, the practical modeling method is used to calculate V 2 based on the estimated initial value. The step size of the practical model is set to be 50 s for V 2 .
The simulation results are shown in Figs. 9 and 10. In Fig. 9 , the estimation of V 1 starts when t = t 1 = 110 s, then after 10 s when t = t 2 = 120 s, the estimation of V 2 starts. In the simulation shown in Fig. 10 , the time when V 1 estimation starts is t 1 = 610 s and the time when V 2 estimation starts is t 2 = 620 s. The results indicate that the initial values of V 1 and V 2 can be accurately determined using the proposed method. 
V. AVAILABLE CHARGE AND ENERGY ESTIMATION BASED ON A PRACTICAL MODEL
Based on the proposed practical model, internal state of supercapacitor can be determined. Thus, the QA and nQA charge and energy that are stored in the supercapacitor can be estimated.
The charge stored in the first-branch capacitor is
This part of charge is QA. The charge stored in the second-branch capacitor is
which is nQA. When V 2 − V 1 > 0, charge stored in the second branch will transfer to the first branch. When V 1 − V 2 > 0, charge stored in the first branch will transfer to the second branch. The end of redistribution process corresponds to the state V 1 = V 2 , and the value of V 1 and V 2 can be calculated as follows.
Assume the total charge at the beginning of redistribution (time = 0) equals to the total charge at the end of redistribution (time = t). The charge dissipated through the third branch can be neglected considering R 3 is very large
Let V 1 (t) = V 2 (t) = X, then we have
By solving the above equation, the values of V 1 and V 2 at the end of redistribution can be solved.
During this process, the transferred charge is
V 1 and V 2 can be calculated from (6) and (10) 
Plugging (25) and (26) into (24)
Based on (27) , the transferred charge under all the possible initial states of supercapacitor are shown in Fig. 11(a) .
From Fig. 11(a) , we can see charge redistribution phenomenon has significant impact on power management of sensor nodes. Considering the case when V 1 = 1.2 V, V 2 = 2 V, at the end of redistribution, 1.285 C charge will be transferred to the first branch and become QA. This amount of charge can be used to execute tasks for 12.85 s if the average current drawn is 100 mA.
The energy stored in the first branch can be calculated as The energy stored in the second branch is
and it takes some time for the second branch energy to be recovered. Therefore, the remaining energy in a supercapacitor can be estimated based on its state. Moreover, the upper limit of energy change caused by charge redistribution can be estimated.
The change of E QA can be calculated as
in which, V 1 (t) can be calculated from (22) . Fig. 11(b) shows the upper bound of energy gain during the charge-redistribution process. It is shown that when V 1 = 0.7 V and V 2 = 2.7 V, the change of E QA reaches maximum, which is 1.629 J. When V 1 = 1.2 V and V 2 = 2 V, the upper bound of the energy obtained from charge redistribution is 0.7447 J. If V 1 = 2 V and V 2 = 1.2 V, at most 0.6972 J of energy will become nQA after charge redistribution.
Since the practical model can be used to estimate the current QA charge and energy, and further predict how much charge and energy can be obtained by taking advantage of the chargeredistribution phenomenon, it can provide an important guide for developing energy aware power management techniques and application rate control algorithms for supercapacitor powered sensor nodes.
VI. CONCLUSION AND FUTURE WORK
The rapid advances of supercapacitor have shown the potential to facilitate major advances in energy storage devices of wireless sensor nodes. In this paper, a practical supercapacitor model is developed to model the relationship between terminal voltage and supercapacitor internal state. The model is based on the numerical solutions of ordinary differential equations that describe the dynamics of supercapacitor state. The complexity of the practical model is analyzed, which indicates it can be implemented on sensor nodes.
To extend the developed model toward practical use, the predictor-corrector method is used to improve the accuracy of numerical method and the impact of step size is investigated. In addition, the switching policy is proposed to further reduce the update rate of the practical model for estimating one of the supercapacitor state variable. At the same time, with the help of the predictor-corrector method, the time step of the other supercapacitor state variable can be further increased without inducing significant error. To estimate the initial values of the model, a simple solution is proposed. It is shown that when system is awaken from sleep mode, the proposed solution can quickly capture the dynamics of supercapacitor state.
Based on the practical model, charge and energy estimation problems are investigated, which enable the efficient use of available energy by developing supercapacitor energy aware scheduling algorithms. It also provides important state information of supercapacitor for the energy-aware network-wide decisions. Based on the model presented in this paper, we will investigate the energy neutral operation algorithms for supercapacitor powered sensor nodes. As the wireless sensor nodes have different ambient energy sources for different applications, various energy harvester models will be developed and integrated with supercapacitor model to support the energy neutral operation investigation.
